Professional physician networks can potentially influence clinical practices and quality of care. With the current focus on coordinated care, discerning influences of naturally occurring clusters and other forms of dependence among physicians' relationships based on their attributes and care patterns is an important area of research. In this paper, two directed physician networks: a physician influential conversation network (N=33) and a physician network obtained from patient visit data (N=135) are analyzed using a new model that accounts for effect modification of the within-dyad effect of reciprocity and inter-dyad effects involving three (or more) actors. The results from this model include more nuanced effects involving reciprocity and triadic dependence than under incumbent models and more flexible control for these effects in the extraction of other network phenomena, including the relationship between similarity of individuals' attributes (e.g., same-gender, same residency location) and tie-status. In both cases we find extensive evidence of clustering and triadic dependence that if not accounted for confounds the effect of reciprocity and attribute homophily. Findings from our analysis suggest alternative conclusions to those from incumbent models.
INTRODUCTION
Professional physician social networks play a pivotal role in the diffusion of knowledge and adoption of new clinical practices (Burt, 1987; Coleman et al., 1966; Fennell & Warnecke, 1988; Nair et al., 2008; Valente, 1996) . Understanding the topology and structure of physician professional networks in which ties between physicians depict potential information-sharing relationships can provide insights into how physician beliefs, behaviors and preferences are shaped. It may also reveal improved strategies for the spread of medical and healthcare information (West et al., 1999) . To give a few examples: There is evidence suggesting that the structure of physician networks could be a factor underlying the cost and intensity of care in US hospitals ; Transfers from a peripheral to a more centralized hospital in a critical care network have been found to improve patient outcomes and survival through more efficient care (Iwashyna et al., 2009) ; Collaborations between physicians across specialties appears important to implementing therapeutic support protocols (Trzeciak et al., 2006) ; Physicians appear to rely mostly on their colleagues for information and advice about the care of their patients (Keating et al., 2007) ; Algorithms that detect naturally occurring "clusters" of physicians may be a basis for forming accountable care organizations (ACOs) (Landon et al., 2013) .
In many of the above examples, physician networks have previously been studied using dyadic independent models that relate the probabilities of relationships existing between physicians (ties) to structural features of networks such as density, reciprocity (the phenomena whereby mutual relationships between physicians occur more commonly than by chance), and the distribution of the physician's number of connections (degree) while accounting for heterogeneity between physicians (Keating et al., 2007; Landon et al., 2012) . However, these and simpler models fail to account for higher-order effects (those involving ≥ 3 physicians) that account for clustering of ties within groups of three or more patients and phenomena such as transitivity ("a friend of a friend is a friend"). Statistical models that identify such effects have the potential to better inform research on the coordination of health care. In addition, determining whether the effects of reciprocity and homophily of physicians' attributes are modified by phenomena such as transitivity may reveal mechanisms for achieving faster diffusion of information and improved quality and cost of healthcare.
In this paper we analyze two sociocentric networks of physicians' professional relationships. The first network is a binary network of influential discussions on women's health issues among physicians in a hospital-based practice. The second uses overlap of physicians patient cohorts to construct a network of professional relationships between physicians in a large geographical region. In both, the goal is to determine whether the effect of reciprocity differs between regions of the network with high and low prevalence of ties, and to estimate the independent effect of the similarity of physicians' characteristics and of their attributes (whose effects constitute homophily) on their professional relationships.
The remainder of the paper is as follows. Below, we provide background material. In Section 2 we review and develop models while Section 3 describes estimation methods. In Section 4, we apply our model to a physician influential conversation network from a A common way of modeling sociocentric data is using p* (exponential-family random graph) models (Frank & Strauss, 1986; Wasserman & Pattison, 1996) . These treat the network as a single observation. An alternative model to the p* model is developed from the premise of treating dyads as independent or conditionally independent random variables (Fienberg et al., 1985; Holland & Leinhardt, 1981; Yang & Yong, 1987) . For example, the p 2 model for directed networks assumes dyadic independence conditional on actor specific random effects (van-Duijn et al., 2004) . This approach is appealing as the dyad is the largest component of a sociocentric network such that knowing the status of one component does not restrict the possible states of any other component. Consequently, the conditional independence structure allows the model for the network to be induced from the model for a single dyad, ensuring desirable statistical properties (O'Malley, 2013) .
Clustering induced by groups of ≥ 3 actors such as transitivity, stochastic equivalence, and structural balance are of great interest in characterizing the underlying social structure of the physician networks. Yet, it is only recently that conditionally dyadic independence models that include such terms have been developed (e.g., (Nowicki & Snijders, 2001) ; (Hoff, 2005; Hoff et al., 2002) ). In related work, we combined the desirable features of the p 2 and p* models to develop a longitudinal p 2 model that includes transitivity and other forms of between-dyad dependence as lagged terms ). The latter model was notable because the dyad is the unit of analysis and reciprocity is the direct effect of the status of the tie j → i on the tie i → j, arguably providing a more direct and intuitive measure of reciprocity. However, to date conditionally dyadic approaches are restrictive in that the effects of reciprocity and triadic dependence were assumed to be additive (no interaction between them).
METHODS
In this section we adapt the longitudinal model we developed previously with the bilinear mixed effects (BME) model of Hoff (2005) to accommodate triadic dependence and other forms of between-dyad clustering in a cross-sectional network. Therefore, unlike the BME models developed by Hoff in which tie-status is the unit of analysis, under the resulting "extended p 2 model" (referred to as EP2 henceforth) developed here the dyad is the unit of analysis and reciprocity is the effect of an observed variable. This formulation allows more nuanced effects of reciprocity and more flexible adjustment for tie dependence in the network.
The p 2 model for sociocentric data
We first overview the p 2 model (see (van-Duijn et al., 2004) for a more detailed description than the following). Let Y [nxn] be an adjacency matrix of connections (ties) between n actors in a directed binary network whose ij th entry denotes the status of the relationship from i to j. The probability function representing the status of the dyad involving actors i and j, (Y ij ,Y ji ), is given by: (1) where θ ij = μ ij + α i + β j and gen.logit denotes the generalized logit link function that transforms the dyad state-probabilities such that they can be related to a linear function of predictors. The parameter μ corresponds to density, ρ to reciprocity, and α and β to "gregariousness" (propensity of an individual to like others -in the sense of forming ties) and "popularity" (propensity of an individual to be liked by others) of the actors, respectively. The heterogeneity of the density and reciprocity parameters in (1) allows these effects to vary in magnitude across the network with actor-, dyad-, and tie-level covariates. The actor specific effects (α i , β i ) are assumed to be random variables drawn from a bivariate normal distribution with mean (0, 0), variances and and correlation ρ αβ .
In (1) the status of Y ij depends on ρ ij Y ji on the logit-scale; the log-odds of Y ij = 1 increases by ρ ij if Y ji = 1. The correlation ρ αβ is subtly different from reciprocity as it represents the extent that gregarious physicians are also attractive physicians. The assumption of conditional independence between dyads given the vectors of random effects (α,β) allows the model specified for a dyad to induce the model for the entire sociocentric network.
Bilinear mixed effects (BME) model
The BME model assumes conditional independence of ties Y ij given tie-, dyad-and actorlevel random effects (Hoff, 2005; Hoff et al., 2002) . The probability of a tie is given by:
where logit denotes the logistic link function, γ is the vector of covariate effects, and (α i , β i ) are random effects (see (1)). Finally, η i,j is a tie-specific random effect with mean 0 and variance The correlation of η i,j and η j,i (denoted ρ η ) represents latent reciprocity; thus, ρ η has a different interpretation to ρ ij in (1).
Any unexplained variation in θ ij in (2) not accounted for by observed covariates and the gregariousness and popularity random effects are modeled by a function, ξ i,j = f(ν i , ν j ), of kelement latent vectors ν i and ν j (Hoff, 2002 (Hoff, , 2005 . The set {ν i } 1:n can be interpreted as representing positions of actors in an unobserved "social" space with f a distance measure quantifying the "social closeness" of ν i and ν j Some common examples of closeness measures for f(ν i ,ν j ) are − |ν i − ν j | (in the "distance" model), (in the "projection model"), and (in the "inner product" model). For a description of how these functions allow for transitivity and structural balance refer to Hoff (2005) .
While continuous, binary or count observations are easily accommodated by generalizing (2) to include the appropriate link function and distribution for the data, thereby emulating generalized linear models, this is more challenging under (1) as the unit of analysis is bivariate. However, (e.g.) bivariate normal models for interval-valued ties or bivariate Poisson models for count-valued ties are natural adaptations.
Extended -model with latent effects (EP2 model)
We extend the traditional p 2 model in (1) to account for between-dyad dependence by incorporating the bilinear term from Section 2.2, using for illustration the inner-product form for f We assume that the conditional probability for the status of the ij th dyad satisfies: (3) where {ν i : (ν i1 , ⋯, ν ik )} i=1,…n are independent random variables from a k-component multivariate normal distribution. Therefore, two sets of random effects -the 2-dimensional (α i , β i ) representing "popularity" and "gregariousness" and the k-dimensional ν representing an actor's latent network (or "social") position -account for between-dyad dependence. As in the p 2 model, ρ = 0 implies a purely additive model in which the presence of Y ij does not directly depend on Y ji For undirected binary networks, Y ij = Y ji and ρ ij in (3) vanishes yielding the logit-link BME model in (2).
The EP2 model differs from the BME model as follows: (i) Reciprocity is modeled as an interaction effect between the constituent ties of a dyad as opposed to being a latent correlation; (ii) The bilinear term in EP2 is included in both the density and reciprocity components and so its effect is representing by two parameters (θ, ρ in (3)) as opposed to only impacting density. Within the EP2 density component, the bilinear term allows for clusters of higher and lower density of ties, as opposed to homogeneous density across the network. Within the reciprocity component, the bilinear term allows the network to contain clusters where reciprocated ties are relatively more and less common as opposed to constant reciprocation across the network. If τ is non-zero in then reciprocity is non-homogeneous.
The value of k (the dimension of the latent effects) is often determined as the smallest value for which there is no substantial lack of fit.
BAYESIAN MODELING AND ESTIMATION
Due to the complexity of the model, we use Bayesian methods for model fitting and estimation. First, to complete a Bayesian specification of the model, prior densities must be specified for the model parameters. The parameters of the prior distributions were chosen to ensure that information in the data was the primary determinant of the posterior distribution. Accordingly, multivariate normal prior densities with large variances were assumed for the latent effects (α, β, V) and the coefficients of the predictors in μ ij or ρ ij Instead of specifying priors directly for ( , ,ρ αβ ), the variances and correlation of the random effects (α i ,β i ), we express the joint distribution of the random effects (α i ,β i ) in the product normal form (Cooper et al., 2007; Spiegelhalter, 1998) . Finally, we assume that the actor's latent positions ν i have variance and that has an inverse gamma prior with mean = 1 and variance = 1. Details of the prior specifications and the Bayesian estimation procedure are provided in the Appendix.
ANALYSIS OF PHYSICIAN NETWORKS
We now introduce the professional physician networks: (1) a directed influence network of physicians in a primary care practice in a Boston area teaching hospital (Keating et al. 2007 ); (2) a directed physician network for the entire North Dakota hospital referral region (HRR).
Influence network of physicians in a primary care practice
Data-A physician network in a primary care practice at a major Boston teaching hospital (N=33) was measured as part of a study to examine how social networks influence information seeking behaviors regarding women's health issues (Keating et al., 2007) . Different forms of this network have been analyzed by Keating et al. (2007) and O 'Malley & Marsden (O'Malley & Marsden, 2008) . In brief, the network was constructed from the responses of 33 out of 38 primary care physicians to a survey reporting the number of influential discussions (measured as 0, 1-3, or ≥ 4) about women's health issues they had with each other physician in the practice during the prior 6 months. We model these data as a directed binary-valued network where a tie (Y ij = 1) indicates one or more discussions from actor i to j. Physician characteristics such as age, race, ethnicity, graduation year, number of years of practice in the Boston area, expertise within primary care, and percent female patients were also collected from the survey. Additional information such as sex, type of clinic, and number of ½ day clinic sessions per week were obtained from the hospital administrative files. Physicians were also asked to report "the one individual, inside or outside of the practice who is most likely to influence their practice regarding women's health issues".
We include homophily measures of physician practice affiliation and gender in the model as dyadic covariates to account for the fact that physicians in the same practice and having the same gender may be more likely to form ties. Similarly, characteristics of the cited formed by actors 4, 10, 15, 23, 25, 30 corresponds to clinic 3). The covariate-adjusted model allows observed covariates of the actors (i.e., homophily measures of their similarity) to account for dependence in network ties before assessing if the remaining unexplained clustering is excessive (i.e., exceeds the amount expected by chance). The estimated variance, was smaller in the full model, implying a substantial reduction in social distances among physicians. However, substantial unexplained clustering remains.
An important finding from the original analysis (Keating et al 2007) was the extensive reciprocity (positive and large ρ). Specifically, if one physician cites an influential discussion with the second, then the second is also more likely to cite an influential conversation with the first (odds ratio 3.4). However, the additional of the bilinear term in the EP2 model makes the reciprocity effect small and insignificant, implying that reciprocity in this network may be an artifact of the presence of triadic and other higher-order configurations of actors. One theory is that individuals with reciprocated ties often have ties to other actors and thus triadic clustering manifests as reciprocity when between-dyad dependence is ignored. The point estimate of the slope of the bilinear term in the reciprocity component of the model, τ, is positive but not significantly different from zero implying there is insufficient evidence in support of a differential effect of the bilinear term on reciprocated than non-reciprocated ties; the evaluation of this test is novel feature of this paper made possible by the EP2 model. A reduction in the value of the estimated variances of the latent vectors, in the full EP2 model further justifies testing for this interaction effect. The EP2 model without the bilinear effect modifier in the reciprocity component found similar effects of the covariates but greater reciprocity compared to the full EP2 model, although the effect of the latter was still insignificant (Table 1) .
Model evaluation-To evaluate the extent to which the model captures the presence of between dyad clustering of ties, we evaluated Bayesian predictive p-values for the proportions of: (i) cycles relative to two-paths, (ii) transitive triads relative to two-stars, and (iii) closed triads relative to connected triads. For a given statistic, the Bayesian predictive pvalue is the posterior predictive probability that a value of the statistic at least as extreme as that observed obtains under the fitted model (Meng, 1994; Rubin, 1984) . A value of 0.5 suggests that the model successfully captures the attribute quantified by the test statistic while values 0.1 or greater than 0.9 raise concerns about the appropriateness of the model (Gelman et al., 1996) . The EP2 model performed better than the traditional p 2 model in capturing the transitivity in the network (Figure 3) with minimal evidence of model miss-fit in this regard. Under the BME model with k=2 the latent positions of the actors were similar to those for the EP2 model ( Figure 2) . Furthermore, the estimated coefficients of the covariates from the BME model also show similar trends compared to the EP2 model. An estimated correlation of 0.5 between the dyadic latent effects suggests a general tendency towards reciprocation of ties -consistent with the findings for reciprocity under the EP2.
Physician professional network based on shared patients
Data-The second empirical analysis is of an excerpt of the physician networks identified from physician-patient encounter data of the 2006 Medicare beneficiaries in 51 hospital referral regions (HRR) across the US . The study sought to understand variation in network characteristics and patient sharing patterns among the constituent physicians based on physician, patient, and network level attributes, and identifying naturally occurring clusters of physicians based on shared care. The unipartite physician networks were discerned from a physician-patient bipartite system by connecting each pair of physicians who shared patients with one another.
In contrast to previous analyses of these data, we constructed a directed physician network by row standardizing the above sociomatrix, i.e., by (1) computing the relative number of shared patients between any pair with respect to the total number of patients shared by the originating physician, and (2) using a threshold value to binarize the proportions in (1). For consistency with prior work, the top 10, 15, 20 and 30 th percentile values were used as potential thresholds. We report results based on the most conservative threshold that retains ties if the proportion was in the top 10% for that physician. This strategy is appropriate if a lot of ad hoc occur (e.g., a one-off appointment to a physician substituting for one's regular physician on a given day) that would create spurious ties under a larger threshold.
Physician age, gender, specialization, office location and patient age, sex, race, mean health status, and intensity of care were available. Physicians were classified as primary care physicians (PCPs) -including general internists, family practitioners, and general practitioners -medical specialists, or surgical specialists. The North Dakota HRR network, which consisted of 135 physicians, is analyzed here as we have a particular interest in comparing the results obtained under the EP2 model to prior results for this network as opposed to making comparisons among HRRs. The motivation for applying the EP2 model is in part due to the fact that the projection from the patient-physician bipartite network induces substantial triadic clustering, making results of prior analyses vulnerable to extensive bias arising from not accounting for such clustering. Similarity in physician attributes such as sex, specialization, and practice locations were included in the model as dyadic covariates; the coefficients of these terms represent specific forms of homophily.
Descriptive network statistics-The patient-sharing network had an overall density of 0.10 and a substantially higher rate of reciprocation, 0.21. While the observed sender degree distribution was symmetric, the receiver distribution was highly right skewed with a median of 6 and 95% of values within (0, 56). Exploratory analyses indicated that the observed proportion of cycles relative to two-paths, transitive triads to two-stars, and non-directional closed triads to non-directional two-paths were 0.22, 0.52, and 0.38, respectively. Therefore, a higher degree of triadic clustering appears to be present than would be expected by chance justifying use of the EP2 model.
Results
for key individual and contextual attributes-When using the most conservative (top 10 th percentile) thresholding scheme, similarity in practice specialty and gender was not significantly associated with physician ties (Table 2) . Earlier results from Landon et al (2012) based on all HRRs and using an undirected version of the network revealed that the likelihood of patient sharing is higher between males but lower between females compared to male-female dyads. We could have allowed separate baseline rates of tie formation for male-male, female-female and male-female dyads. However, because there were very few female-female (< 4%) dyads in the North Dakota HRR, we only included two dyadic variables for gender pairs (same gender and opposite gender). This might explain the lack of homophily on gender evident in the data. Physicians who practiced in the same locality were much more likely to have ties between them than physicians in different localities. The effects of the dyadic predictors (same sex, same practice location) on patient sharing relationship between physicians did not change across different thresholds (top 15, 20, 30, 40 th percentile). However, the effect of "similarity in practice specialty" had a significant negative association under each of the higher thresholds, implying that physicians having complementary expertise are more likely to share patients compared to those having the same expertise.
Results for the latent effects-The latent factors reveal a large amount of structure in the network beyond what can be explained by a standard p 2 model (Figure 4a ). There appears to be distinct separation of clusters of physicians in the peripheral region of the network while a large number of actors are lumped together in the central region forming multiple overlapping clusters and thus, less distinctive groups. Figure 4(a) depicts the actual observed ties between the actors overlaid on the social space. It is clear that the most central physicians belong to the same practice location (denoted by blue circles in Figure 4(a) ). Accounting for the highly significant "practice location" covariate reduces the amount of clustering among estimated position of actors in this figure of the latent space although some localized clustering is still visible, indicating a potential interplay of both spatial and network proximity factors on physician ties. This is also evident from Figure (5(a-b) ); although spatial proximity helped explain some of the clustering of physicians, the above covariates and other network features were not sufficient to account for all of the clustering in the network (Figure 5(a-b) ). The slope parameter for the bilinear term, τ, was positive and marginally significant (τ̂ 0.24 (CI: 0.00, 0.52)), indicating that the closer two physicians are in terms of the latent variables (representing the social space), the greater the rate of reciprocity. However, because this effect is relative poorly identified, the difference in model fit between the full EP2 with the reciprocity -bilinear term interaction and reduced EP2 model without this interaction is not significant (Figure 4(a) ).
Model evaluation-The parameter estimates from the P2, and the reduced and the full EP2 models are given in Table 2 . We noticed a decaying effect in the reciprocity parameter (similar to what was observed in the physician influence network) when the bilinear term is introduced first in the density and then in the reciprocity component of the EP2 model (Table 2) . Based on this trend, we believe that the reduction is due to unobserved factors accounting for triadic and higher-order forms of clustering among the ties also explaining some of the effect that otherwise manifests as reciprocity.
To evaluate the extent to which the EP2 model reproduces important structural features of the network, we evaluated Bayesian predictive p-values for the proportion of: (i) cycles relative to two-paths, (ii) transitive triads relative to two-stars, and (iii) the in-degree distribution. A subtle but important feature of the data, the right skewed in-degree distribution, was well captured by the full EP2 model (Figure 5c ). The EP2 model performed superior to the corresponding p 2 model in accounting for triadic clustering between physicians (Figure 5a-b ). However, both models underestimated the high rate of transitivity in the data. Possible explanations are that the EP2 model with the 2-dimensional latent attributes or a symmetric bilinear term might be too restrictive to describe the high rate of triadic dependence in the network.
DISCUSSION
In this paper two important physician networks (a physician influence network and a physician patient care network) were analyzed using a new model to account for network effects such as transitivity, structural balance, and other forms of network clustering that have been ignored in prior analyses. Such prior studies on physician networks have mostly focused on the effects of individual factors, contextual characteristics and dyad-level effects on the presence of ties. Furthermore, there has been limited research on whether physician networks are shaped by the underlying topology: e.g., is there is a tendency to form small, closed communities of peers, or for physicians to interact more globally with a few influential actors (e.g. opinion leaders) providing bridges between disconnected groups of physicians. Moreover, it has also remained unknown whether physician interactions can be explained by dyadic effects or if higher order complex network effects are required to account for the important features of physician networks.
Our key methodological contribution is the development of a model that allows for both the inclusion of a term to account for triadic dependence and also a term that allows for an interaction between reciprocity and triadic dependence. The resulting model thus allowed reciprocity effects to vary depending on the value of unobserved physician-level variables that account for triadic and other forms of between-dyad dependence by supposing the likelihood of a tie depends on the distance between the values of these unobserved variables in different physicians. The development of this model potentially solves the problems noted in the prior paragraph. Despite the addition of these complex terms to the base dyadic independence model (the p2 model), the resulting model is still within the family of conditionally dyadic independent models ensuring convenient and well-behaved statistical properties.
The application of the new model to both physician networks studied in this paper yielded several interesting findings. While practice (clinic) and gender homophily were associated with a higher propensity of interactions among physicians in the physician influence network, expertise in woman's health and a higher percent of women among patients were important receiver physician characteristics associated with the initiation of influential discussions. These reinforce findings on tendencies of physicians to share information with and rely on peers that are proximal both organizationally and geographically (e.g. clinics, hospitals), and seek to consult with physicians who are deemed expert globally, leading to the emergence of potential "opinion leaders". While the former is potentially driven by opportunity and access, the latter points to an important role of leaders in adopting new practices as well as transferring knowledge through the network and has huge implications in faster information diffusion (Clark et al., 2010; Valente & Davis, 1999) .
One key finding was the diminishing effect of reciprocity when the bilinear terms were included as random effects first in the density component and then subsequently in the reciprocity component of the EP2 model (Table 2) . This finding strengthens our belief that between dyad effects may be needed to account for dependencies in the formation of network ties, which if ignored may manifest as dyadic effects and lead to biased results. In the HRR physician network, proximity in practice location and complementary expertise were important factors that predicted the presence of ties among physicians. Therefore, the presence of physician ties in this network is shaped by physical proximity and the need for complementary as opposed to identical expertise in order to provide a general range of health care to patients. A marginally significant interaction between the bilinear term and reciprocity indicated that varying rates of reciprocity occurred among physicians based on their social proximity or presence in structurally equivalent parts of the network. To our knowledge, the ability to test this effect is unique to our EP2 model.
The patient-sharing physician network was more challenging to analyze due to the unusually high level of triadic clustering and skewed degree distribution. The higher propensity for triadic and higher-order dependence is an artifact of the network being a projection of a bipartite (two-mode physician-patient) network, which artificially inflates the number of closed triads (Wasserman & Faust, 1994) . But this concern merely reinforces the need to use a model that accounts for between-dyad dependence in the presence of physician ties. By accounting for confounding from third-order effects, the empirical analyses of the physician networks presented in this paper are more trustworthy and informative than results obtained from earlier analyses of the same networks that ignore the extensive dependence between dyads.
Because the EP2 model is an extension of the generalized linear models family, it can be extended to fit networks with non-binary ties by using an alternative link function. For example, in the directed physician patient-sharing networks, instead of transforming the ties to binary values we could have used a Poisson model for the counts of shared patients and a log link to relate the expected number of ties to a linear function of the network features and covariates derived from observed characteristics of physicians. Another extension of our model would be to generalize the bilinear term to allow between-dyad clustering and stochastic equivalence, which are confounded in the model developed herein (Hoff, 2005) , to be distinguished. A potential solution is to use an asymmetric (Hoff, 2009) or other more general representation of the bilinear term in the model. As in this paper, the representation of reciprocity as the direct effect of the reverse-direction tie on a tie's presence as opposed to a latent correlation and the interaction of this term with the bilinear mixed effect would make the resulting model distinct from existing bilinear models for sociocentric data.
In summary, we developed a novel method of modeling physician relationship patterns and used it to obtain new results for two important physician networks. We demonstrated the importance of adjusting for underlying structural dependence in order to estimate reciprocity and homophily effects. With the recent focus on coordinated health care, accounting for Indegree versus outdegrees of physicians grouped by their expertise in women's health (squares denote women health, and circles other specialties) and clinic (black=1, red=2, green=3, blue=4) in the physician influential conversation network. Women health specialists were cited more frequently (e.g. physician 27 in clinic 4 is a WH-expert and had a very high indegree of 24) than others when discussing women health issues. Paul et al. Page 16 Soc Sci Med. Author manuscript; available in PMC 2015 September 01.
Figure 2.
Posterior mean estimate of physicians' latent positions in the social space. The latent positions are estimated from an EP2 model: (a) without covariates, and (b) after adjusting for the "clinic" covariate. They gray arrows denote the interactions between the physicians in the influential conversations network. Posterior predictive distributions of network characteristics from the physician influential conversations network (example 1) quantifying aspects of model-fit: the proportions of cycles among the two-paths, transitive triads among two stars and the total number of closed triplets (including cycles and transitive triads) among connected triplets (two stars or two paths) (L-R), respectively. The distributions are computed under the EP2 model (solid line) and the traditional model p 2 (dashed line). The solid dot represents the observed value of the statistic, revealing that the EP2 model much more successfully reproduces the triadic dependence in the network. Table 2 Parameter estimates for P2, EP2 (no the bilinear mixed effects modifier term in reciprocity) and EP2 model fit on the shared-patient generated physician network based on a 10% threshold. 
